Epidemic outbreaks are a special case of supply chain (SC) risks which is distinctively characterized by a long-term disruption existence, disruption propagations (i.e., the ripple effect), and high uncertainty. We present the results of a simulation study that opens some new research tensions on the impact of COVID-19 (SARS-CoV-2) on the global SCs. First, we articulate the specific features that frame epidemic outbreaks as a unique type of SC disruption risks. Second, we demonstrate how simulation-based methodology can be used to examine and predict the impacts of epidemic outbreaks on the SC performance using the example of coronavirus COVID-19 and anyLogistix simulation and optimization software. We offer an analysis for observing and predicting both short-term and long-term impacts of epidemic outbreaks on the SCs along with managerial insights. A set of sensitivity experiments for different scenarios allows illustrating the model's behavior and its value for decision-makers. The major observation from the simulation experiments is that the timing of the closing and opening of the facilities at different echelons might become a major factor that determines the epidemic outbreak impact on the SC performance rather than an upstream disruption duration or the speed of epidemic propagation. Other important factors are lead-time, speed of epidemic propagation, and the upstream and downstream disruption durations in the SC. The outcomes of this research can be used by decisionmakers to predict the operative and long-term impacts of epidemic outbreaks on the SCs and develop pandemic SC plans. Our approach can also help to identify the successful and wrong elements of risk mitigation/preparedness and recovery policies in case of epidemic outbreaks. The paper is concluded by summarizing the most important insights and outlining future research agenda.
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Literature review

Epidemic outbreaks and SCs
While the research on coping with epidemic outbreaks from the humanitarian logistics point of view provides a mature body of knowledge (Lee et al., 2009 , Koyuncu and Erol, 2010 , Dasaklis et al., 2012 , Green, 2012 , Mamani et al., 2013 , Altay and Pal, 2014 , Altay et al., 2018 , Anparasan and Lejeune, 2018 , Dubey et al., 2019c , Farahani et al., 2020 , the literature on analyzing the impacts of epidemic outbreaks on the commercial SCs is scarce. We consider this as a research gap and an opportunity to develop substantial contributions.
Some scarce information on previous epidemic outbreaks can be found in relation to SC operations. Johanis (2007) reported on a pandemic response plan developed at Toronto Pearson International Airport following the consequences of SARS epidemic outbreak D. Ivanov Transportation Research Part E 136 (2020) 101922 in [2002] [2003] . SARS has adversely affected the airline industry, especially in Taiwan when around 30% of international flights have been suspended (Chou et al., 2004) . Though, the globalization degree and the role of China in the global SCs at the times of SARS were different to the current situation, and the impacts of SARS on the SCs have been relatively low. Ebola virus spread has negatively impacted the global logistics (BSI, 2014) . Calnan et al. (2018) and Esra Büyüktahtakın et al. (2018) describe the lessons learned during the Ebola times and point to a need of building a decision-support framework which would help predicting the impacts of epidemic outbreaks on the SCs and coordinating the operational and logistics policies during and after the crisis. It is intuitively to expect decreases in operative performance (e.g., EBIT), material shortages, and price fluctuations during epidemic outbreaks. This confirms the analysis of coronavirus-related reports. For example, German Post declared an EBIT reduction in the range between 60 and 70 million euro; retail prices in China raised in February 2020 by 21.9% at average (Bild, 2020) . On February 17, Apple announced to expect its quarterly earnings to drop (Apple, 2020). By late February 2020, the COVID-19 outbreak had rendered almost 9% of container shipping fleets inactive and Chinese manufacturing indices hit their lowest point since the Great Recession as a result of suspending the manufacturing operations to stem the spread of COVID-19 (Retaildive, 2020) .
Simulation-based SC risk modeling
Dynamic simulation models are recognized as a suitable tool to observe and predict SC behaviors over time. Simulation studies allow adding additional, dynamic features to the optimization techniques which are widely used in SC risk analysis , Sadghiani et al., 2015 , Cui et al., 2016 , Ivanov et al., 2016 along with heuristic approaches (Meena and Sarmah, 2013 , Zhang et al., 2015 , Hasani and Khosrojerdi, 2016 . Most of the existing studies utilize discrete-event simulation approach (Schmitt and Singh, 2012 , Ivanov, 2017a , 2017b , Schmitt et al., 2017 , Ivanov and Rozhkov, 2017 , Macdonald et al., 2018 , Ivanov, 2019 , Tan et al., 2020 while some studies use agent-based (Li and Chan, 2013 , Hou et al., 2018 and system dynamics (Wilson, 2007 , Aboah et al., 2019 methods, too. A very few studies (e.g., Hackl and Dubernet, 2019) have incorporated the simulation and transportation disruptions during the epidemic crises.
The simulation models are especially useful for analysis when the impacts of disruptions on SC performance need to be computed under conditions of time-dependant changes (Klibi and Martel, 2012, Ivanov, 2018b) . Besides, detailed control policies can be analysed subject to a variety of financial, customer, and operational performance indicators (Li et al., 2019 , Pavlov et al., 2019a , Ivanov, 2020 . The simulation models consider logical and randomness constraints, such as randomness in disruptions, inventory, production, sourcing, and shipment control policies, and gradual capacity degradation and recovery . Since simulation studies deal with time-dependent parameters, duration of recovery measures, and capacity degradation and recovery, they have earned an important place in academic research. Simulation has the advantage that it can extend the handling of the complex problem settings of optimization through situational behavior changes in the system over time.
Among software tools to simulate the SC behaviors under risks, anyLogistix has been proven to be a very successful tool utilized in SC risk and resilience analysis (Ivanov, 2017a , 2017b , 2018b , 2019 , Aldrighetti et al., 2019 . Based on discrete-event simulation of AnyLogic which was also successfully applied to SC risk and resilience analysis Rozhkov, 2017, Cavalcantea et al., 2019) , anyLogistix provides a combination of simulation, optimization (CPLEX), and performance visualization of SCs constituting a full set of technologies to build a digital SC twin (Ivanov et al., 2019c, Ivanov and .
Case-study and simulation model
Case-Study
We model a global SC of a company selling the lightning equipment, in total five different products. This is a multi-stage SC with suppliers, factory, distributions centres (DC), and customers located in different geographic zones (Fig. 1) .
The SC network design contains two producers in China (in Xiamen and Shenzhen) which are supplied by two local suppliers (which are invisible in the map in Fig. 1 since located very close to the producers), in a region affected by an epidemic outbreak in form of quarantine and production stops. The producers deliver the lightning equipment via ship and multi-modal (truck-train) transportation paths to the DCs in the USA, Brazil, and Germany with an average transportation time of 30 days. From there, goods are shipped to the customers. In the USA, the distribution is organized either directly to customers from main DC in Houston, or via four regional DCs. There are 95 customers in total all over the world. They all order at DCs every 5 days with expected lead-time (ELT) between 4 and 9 days. In other words, if the order is delivered within a frame between 4 and 9 days, it is considered as on-time delivery; if later -as delayed delivery. The delayed deliveries negatively impact the ELT service level which is a fraction of on-time delivered orders to the total number of orders. The demand is deterministic and between 4 and 80 units per order depending on the customer. The assumption of the deterministic demand can be justified as follows. First, the demand volatility for lightning equipment is indeed low. Second, our main objective is to uncover the impact of disruption and we therefore would like to omit other variations as the model as much as possible. The facilities operate at some fixed and variable costs including inventory holding costs, overhead costs, and processing costs. We omit the detailed presentation of all input data due to the limited length of the paper and refer the reader to the model "SIM Global Network Examination" which is supplied with anyLogistix software and can be seen and run in every anyLogistix version, even in the PLE edition.
For analysis we use the timeline of coronavirus dispersal which was found in different Internet sources starting from mid of January 2020 until March 12, 2020 as follows: Ivanov Transportation Research Part E 136 (2020) We are interested to examine the epidemic outbreak impact on the SC subject to some scenarios which are likely to happen after March 13 assuming mitigation of epidemic outbreak in China (Fig. 2) .
In order to reduce the number of possible "what-if" scenarios, we consider the following three cases:
• Scenario I: Localization of epidemic outbreak in China • Scenario II: Propagation of epidemic outbreaks and closure of facilities worldwide • Scenario III: Propagation of epidemic outbreaks into the markets and demand disruption by 50%
Note that we consider different epidemic durations and include the time delays into the epidemic propagation dynamics. In total, this results in 63 possible scenarios. For some scenarios, all the SC elements would be disrupted. In other scenarios, the closing of some facilities downstream would be accompanied by opening of some facilities upstream. In summary, we design our experimental environment to examine the SC reaction to epidemic outbreaks of different severities in terms of revenue, profit and ELT service level impact and subject to answering the following questions:
• What is the impact of the epidemic outbreak on the SC performance? • How long does it take for an SC to recover after an epidemic outbreak? • How long can an SC sustain a disruption (i.e., what is a critical disruption time)?
• What is the role of the scope and timing of disruption propagations? • What are the most critical scenarios of epidemic propagation?
In summary, we consider different scenarios of epidemic outbreaks, e.g., only in China vs. also in Europe, North America and South America, simultaneous epidemic crises (stops at facilities and demand disruptions in the markets), and different sequences of opening/closing facilities and markets (cf. Fig. 2 ). 
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Simulation model
Research methodology
We utilize the discrete-event simulation methodology. Our model is created and solved in anyLogistix simulation and optimization toolkit. For analysis, we utilized a standard anyLogistix model "SIM Global Network Examination" which has been validated by the software developer for a large-scale problems in order to test the correctness of the results and the scalability. We adjusted some parameters of this model (e.g., transportation times and disruption events) without any changes in the model structure. That is why we do not perform additional validation tests in this study. In order to validate the output results within the scope of our research, 100 replications have been created for each of the 190 simulation experiments for reducing output randomness. Simulation was run for a period of one year with a warm-up period of 3 months.
We now justify some assumptions and parameters used for simulation experiments. Recent literature , Lücker et al., 2019 , Schmitt et al., 2017 Gupta and Ivanov, 2020) has recognized the risk mitigation inventory, lead-time and backup suppliers as crucial elements affecting the SC reactions to disruptions. Moreover, the ripple effect is usually accompanying the disruptions which are rarely to be localized and usually spread over many SC echelons (Ivanov et al., 2014 , Garvey et al., 2015 , Dolgui et al., 2018 , Ivanov et al., 2019b , Pavlov et al., 2019b , Li and Zobel, 2020 . Anparasan and Lejeune (2018) presented a data set of the cholera epidemic that occurred in the aftermath of the 2010 earthquake in Haiti. They demonstrated that geographic location data, lead-time data, and demand data is primarily needed to run the simulation models and how to use this data for SC response models during epidemic outbreaks.
Risk mitigation inventory: According to Haren and Simchi-Levi (2020), "As a result of events such as the 2002-2003 SARS epidemic, the March 2010 Iceland's volcano eruption, Japan's earthquake and tsunami in March 2011, and the flood in Thailand in August 2011, companies increased the amount of inventory they keep on hand. But they still usually carry only 15 to 30 days' worth of inventory." We develop our model based on these assumptions.
Lead-time: Shipping by sea to either the U.S. or Europe takes, on average, 30 days. This implies that if Chinese plants stopped manufacturing prior to the beginning of the Chinese holiday on January 25, the last of their shipments will be arriving the last week of February (Haren and Simchi-Levi, 2020) . We use these estimates in our model.
Ripple effect existence: For example, Fiat Chrysler Automobiles NV reported that "it is temporarily halting production at a car factory in Serbia because it can't get parts from China." (Foldy, 2020) Similarly, Hyundai "decided to suspend its production lines from operating at its plants in Korea … due to disruptions in the supply of parts resulting from the coronavirus outbreak in China." (StraitsTime, 2020). These two examples show that the coronavirus has caused the ripple effect. Moreover, Haren and Simchi-Levi (2020) observe that in the case of short lead times, the disruptions at downstream SC facilities occur earlier, and therefore the ripple effect propagates faster. We build our simulation model according to the above analysis and following the previously developed and validated simulation models for SC risk analysis (Ivanov, 2017a (Ivanov, , 2017b (Ivanov, , 2018a (Ivanov, , 2019 (Ivanov, , 2020 . 
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Simulation model design
In this section, we describe the SC operational rules as applied in the model. Fig. 3 illustrates the principal scheme of material and information flows in the SC.
The following logic ( Fig. 3 ) has been created in the model in line with the study (Ivanov, 2018a) . We assume that DCs and producer are running order-up-to-level, re-order point based (s,S) inventory control policy. For analytical formulations of the orderup-to-level, continuous review inventory control policy, we refer the readers to specialized literature on inventory management. Our model follows the procedures described in (Ivanov et al., 2019d, chapter 13) . The facilities have a risk mitigation inventory for a period between 15 and 30 days. The SC is characterized by partial visibility, i.e., the demand of an upstream echelon is visible for the downstream echelon. The markets generate orders to the DC according to their demand which is normally distributed. The DCs and producers exhibit the s,S inventory control policy and place the orders at the factory. Production is controlled by the parameters of inventory control policy. The factories also exhibit the s,S inventory control policy. In the case of a disruption and scarce supply, the shipments as shown in Fig. 3 are interrupted, too. In case of some remaining capacity, the deliveries are directed randomly with equal distribution probability to the destinations downstream the SC.
Experimental results, analysis and managerial insights
We test the impact of an epidemic outbreak in China on SC performance (i.e., revenue, profit, service level). Our experiments are designed to address three major features of epidemic outbreaks which distinguish them from other SC risks:
• long-term disruption existence and its unpredictable scaling, • simultaneous disruption propagation (i.e., the ripple effect) and epidemic outbreak propagation (i.e., pandemic effect), and • simultaneous disturbances in supply, logistics infrastructure and demand.
We examine this impact for different disruption durations and scales of epidemic propagation. Organization of the experiments is as follows. First, we compute SC performance subject to such key performance indicators as service levels, sales, lead time, inventory on-hand, and profit for a disruption-free scenario. Subsequently, SC dynamics in different disruption scenarios are simulated in order to analyse the estimated magnitude of the disruptions and the ripple effect as caused by an epidemic outbreak. Such an analysis will be performed for different combinations of factors. Finally, we compare the SC reactions in different cases and draw conclusions on the disruption and ripple effect impacts on the SC performance. For verification, tracking of the simulation runs, analysis of output log files, and testing at deterministic parameters were used. For testing, we use replications in comparison and variation experiments. In Fig. 4 , we illustrate the SC behaviour in disruption-free scenario without any epidemic outbreaks.
It can be observed in Fig. 4 that the SC operates at an ELT service level of about 85-90% achieving a profit of $28,568 million, with quite a stable lead-time and balanced inventory dynamics. Now we simulate the different cases according to scenarios I-III (cf. Fig. 3 . The material and information flows in the SC.
D. Ivanov
Transportation Research Part E 136 (2020) 101922 Fig. 2 ) and observe the gaps in SC performance as compared to the disruption-free mode (Fig. 4) . A summary of the results of the most interesting simulation runs is presented in Table 1 . Table 1 provides a summary of simulation runs for different scenarios. Some of the most interesting results which we will discuss in this section are highlighted yellow in Table 1 . Table 1 shows the absolute values of some key performance indicators (KPI) and their changes as compared to the ideal (no disruption) situation ( Fig. 4 ; recall that the KPI values in the non-disruptive scenario have been as follows: ELT service level 86%, profit $28,568, revenue $108,099, and total lead time from all DCs to all customers 328 days). In addition, we measure the total SC disruption time as the duration of ELT service level degradation (alternatively, one can use the duration of profit degradation). These KPIs are used to assess the SC reaction to the epidemic outbreak.
For the scenario I, the results confirm the intuitive sentiments that a longer disruption duration upstream the SC results in a) production-inventory dynamics b) customer (ELT service level) performance c) financial performance d) lead-time performance Ivanov Transportation Research Part E 136 (2020) 101922 performance decrease. All the KPIs decrease whereas the increase of disruption duration to 90 days results in profit drop by almost 90% and lead-time has grown 15 times. Insight 1: if the epidemic outbreak is localized upstream the SC, the SC performance reaction is proportional to the duration of the disruption.
Analysing the results in the scenario II, we encounter several interesting observations. For short disruption duration in China (45 days), the further propagation of the epidemic outbreak in the USA, South America and Europe accompanied by closing the DC facilities in there regions results in performance decreases for all KPIs. With that said, a difference in SC reaction can be observed when comparing the speed of the epidemic propagation and the duration of epidemic cases downstream the SC. More specifically, the longer delays in epidemic propagation (i.e., 60 days vs. 30 days) and shorter disruption duration downstream the SC (i.e., the scenario with 45 days disruption in China, 60 days in epidemic outbreak delay, and 45 days disruption duration downstream the SC) result in the lowest performance degradation. However, in case of longer disruptions in China, the longer epidemic propagation downstream the SC does not bring any positive effect (cf. scenarios with 60 days of disruption durations in the scenario II). At the same time, we can again observe a positive effect of slowing down the epidemic propagation in the case of very long disruption in China of 90 days. Moreover, the SC performs better for all KPIs in the case of a 90 days disruption in China and the longer epidemic propagation downstream the SC as compared to the case of the scenario I without any epidemic propagation. These observations lead to us to another useful insight:
Insight 2: In the case of an epidemic outbreak propagation, the SC performance reaction depends on the timing and scale of disruption propagation (i.e., the ripple effect) as well as the sequence of facility closing and opening at different SC echelons rather than on the disruption duration upstream the SC.
In the most complex scenario III, we can observe synergetic effects of several negative events. Interestingly, the aggregation of two negative events frequently results in a positive effect on SC performance. If the facility disruptions downstream are accompanied by demand disruptions, the overall SC performance increases due to a decrease in backlogs. However, this synergetic effect disappears in cases with very long (e.g., 90 days) facility and demand disruption durations downstream the SC.
Another observation from simulation runs with the scenario III is that, differently to the cases in the scenario II, the longer epidemic propagation delays rather decrease the SC performance. The longer lasting demand disruptions also contribute to further performance decreases. Moreover, we can observe that longer delays in disruption propagation and longer lasting disruptions downstream the SC are more dangerous as the disruption duration upstream the SC (e.g., cf. in scenario III the case with 90 days disruption in China, 30 days delay in epidemic propagation, 45 days of disruption at downstream facilities and 45 days of demand disruption with the case of 45 days disruption in China, 60 days delay in epidemic propagation, 90 days of disruption at downstream facilities and 90 days of demand disruption). A positive effect can be observed when the timing of facility recovery at different echelons in the SC is synchronized. For example, in the case with 60 days disruption in China, 30 days delay in epidemic propagation, 45 days of disruption at downstream facilities and 45 days of demand disruption, we have a situation when the Chinese production stops on January 25, the DCs downstream close on February 25, the production in China is resumed on March 25, and the DC operations are resumed on April 10. This results in high profits, service level, and short lead times along with quite low total SC disruption time. The corresponding SC performance dynamics for this case is depicted in Fig. 5 .
The experiments with cases in the scenario III allow for the following insights: Insight 3: Simultaneous disruptions in demand and supply may have positive effects on the SC performance as a reaction to an epidemic outbreak. The lowest decrease in the SC performance can be observed in cases when the facility recovery at different echelons in the SC is synchronized in time. The most negative impact on the SC performance is observed in the cases with very long facility and demand disruption durations downstream the SC regardless of the disruption period in the upstream part.
One explanation of the insight 3 is that if the facilities at different SC echelons are closed simultaneously, the variable costs and a part of fixed costs decrease. On the contrary, if the upstream facilities (e.g., the producers in China) are working but the downstream facilities (e.g., DCs in USA and Europe) are closed, the inventory, manufacturing and transportation costs increase but the revenue is not generated. Of course, these observations need to be detailed in each particular case considering additional specifics of lead-time, ordering policies, and available logistics infrastructure. Table 2 provides a summary of the managerial insights obtained through this study.
Conclusion
In this paper, we presented the results of a fast but robust simulation study that opens some new research tensions on the impact of COVID-19 on the global SCs. The objectives of this study were twofold. First, we aimed at articulating the specific features that frame epidemic outbreaks as a unique type of SC risks. Second, our goal was to demonstrate how simulation-based methodology can be used to examine and predict the impacts of epidemic outbreaks on the SC performance using the example of coronavirus COVID-19 and anyLogistix simulation and optimization software.
Regarding our first objective, the results of our study show that epidemic outbreaks represent one specific case of SC disruptions. This type of SC risks is distinctively characterized by long-term disruption existence and its unpredictable scaling, simultaneous disruption propagation (i.e., the ripple effect) and epidemic outbreak propagation (i.e., pandemic effect), and simultaneous disruptions in supply, demand, and logistics infrastructure. Unlike other disruption risks, the epidemic outbreaks start small but scale fast and disperse over many geographic regions creating a lot of unknowns which makes it difficult to fully determine the impact of the epidemic outbreak on the SC and the right measures to react. Overall, the epidemic outbreaks create a lot of uncertainty and companies need a guided framework in developing their pandemic plans for their SC.
Regarding our second objective, we undertook an attempt to observe and predict the impacts of epidemic outbreaks on the SC using simulation-based methodology and the example of coronavirus COVID-19. An SC simulation model along with experimental results have been presented using a case-study constructed on the basis of primary and secondary data and using anyLogistix simulation and optimization software. Our analysis offers possibility of predicting both short-term and long-term impacts of epidemic outbreaks on the SCs and uncovers the most critical epidemic outbreak scenarios in terms of SC performance decrease. This analysis allows identifying the successful and wrong elements of risk mitigation/preparedness and recovery policies in case of epidemic outbreaks. A set of sensitivity experiments allows to illustrate the model's behavior, its value for decision-makers, and to derive useful managerial insights. More specifically, the outcomes of this research can be used by decision-makers to predict the operative and long-term impacts of epidemic outbreaks on the SCs and develop pandemic SC plans. Ivanov Transportation Research Part E 136 (2020) 101922 The major observation from the simulation experiments is that the timing of the closing and opening of the facilities at different echelons might become a major factor that determines the epidemic outbreak impact on the SC performance rather than an upstream disruption duration upstream or the speed of epidemic propagation. Other important factors are lead-time, speed of epidemic propagation, and the upstream and downstream and disruption durations in the SC.
In particular, our analysis revealed that in the case of an epidemic outbreak propagation, the SC performance reaction depends on the timing and scale of disruption propagation (i.e., the ripple effect) as well as the sequence of facility closing and opening at different SC echelons rather than on the disruption duration upstream the SC. The lowest decrease in SC performance can be observed in cases when the facility recovery at different echelons in the SC is synchronized in time. The most negative impact on the SC performance is observed in the cases with very long facility and demand disruption durations downstream the SC regardless the disruption period in the upstream part. As such it is not only important to consider where the epidemical outbreak starts, and even not so important what percentage of supply base is located in the origin region but it is the scale of the ripple effect that should be particularly taken into account. We have also observed that the simultaneous disruptions in demand and supply may have positive effects on the SC performance as a reaction to an epidemic outbreak. These insights are partially in line and partially extending the existing body of knowledge on correlated disruptions in the SC (Lu et al., 2015, Zhao and Freeman, 2019) .
In the generalized terms, this paper contributes to the existing literature on the SC risk management and resilience by positioning the epidemic outbreaks as a specific type of SC risks and offering an approach that supports the decision-makers at the times of epidemic outbreaks. Our approach allows simulating the SCs with a specific consideration of epidemic outbreaks and answer such questions as:
• What is the impact of the epidemic outbreak on the SC performance? • How long does it take for an SC to recover after an epidemic outbreak? • How long can an SC sustain a disruption so what is the critical disruption time? • What is the role of the scope and timing of disruption propagations? • Which SC operating policy (e.g., accepting the temporal shortages; using prepared contingency pandemic plans; reacting situationally by changing the operation policies during the epidemic time) is the most efficient one to cope with disruptions at different levels of severity of the epidemic dispersal?
• What are the most critical scenarios of epidemic propagation?
As for limitations of this study, we concisely reduced the technical complexity to make the managerial insights more depictive. Another limitation is the design of the case-study which lacks some details due to missing detailed information at the time of writing this paper.
In future research, we are going to test the SC reactions subject to different pandemic plans. For example, we can consider In this case, there is no disruption propagation
The performance reaction depends on the timing and scale of disruption propagation (i.e., the ripple effect) as well as the sequence of facility closing and opening at different SC echelons rather than on the disruption duration upstream the SC.
Simultaneous disruptions in demand and supply may have positive, synergetic effects on SC performance as a reaction to an epidemic outbreak, especially for short-term disruptions and a synchronized recovery timing D. Ivanov Transportation Research Part E 136 (2020) 101922 different risk mitigation inventory levels as elements of pandemic plans. The complexity can be easily increased by including other elements such as reserved capacities, back-up suppliers, lead-time reservations, regional subcontracting; though we omit this complexity in the particular experimental setting in this paper to present the results in a depictive way. Currently, we consider upstream disruptions as the trigger of epidemic-based disruption propagations. One interesting research topic could be to examine a disruption outbreak in the downstream SC echelons or even in the markets, and how these events would affect the forward and backward propagations of the ripple effect. On another note, the epidemic outbreak impacts on the SCs highly depend on the type of a product that is globally supplied to the customers across different continents. Indeed, the impact of epidemic outbreaks on the SCs for items with urgent demand during the outbreak such as hand sanitizer, medical mask, and medical alcohol is a special research topic and a promising research avenue. Regarding further future directions, we point to the new digital technologies that have a potential to improve the ripple effect control in cases of epidemic outbreaks. Making innovations and data work for the SC resilience in crisis times is a promising future research avenue with a particular focus on data analytics, artificial intelligence, and machine learning. The understanding and progressing the research of how all these technologies can be used to operate the SCs in a resilient way in cases of epidemic outbreaks is an important future research area (Choi et al., 2017 (Choi et al., , 2019 Choi and Lambert, 2017b , Dubey et al., 2019a , Ganasegeran and Abdulrahman, 2020 , Queiroz and Wamba, 2019 , Yoon et al., 2019 . In particular, digital SC twins ) -i.e., the computerized SC models that represent the network state for any given moment in real time -can be used to support the decision-making during the epidemic outbreaks. In the pre-disruption mode, digital twins allow for a visualization of SC risks, assessment of supplier disruption risks, prediction of possible supply interruptions, and computation of alternative supply network topologies and back-up routes with assessment of estimated times of arrival. In the dynamic, reactive mode, i.e., in the case of a real epidemic outbreak the digital twins can be applied using real-time data to simulate disruption impacts on the SC and alternative SC designs that contain non-disrupted network nodes and arcs depending on real-time inventory, demand, and capacity data.
